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Successful conservation of global waterbird 
populations depends on effective governance
Tatsuya Amano1,2, Tamás Székely3,4, Brody Sandel5, Szabolcs Nagy6, Taej Mundkur6, Tom Langendoen6, Daniel Blanco7, 
Candan U. Soykan8 & William J. Sutherland1

Understanding global patterns of biodiversity change is crucial for 
conservation research, policies and practices. However, for most 
ecosystems, the lack of systematically collected data at a global level 
limits our understanding of biodiversity changes and their local-
scale drivers. Here we address this challenge by focusing on wetlands, 
which are among the most biodiverse and productive of any 
environments1,2 and which provide essential ecosystem services3,4, 
but are also amongst the most seriously threatened ecosystems3,5. 
Using birds as an indicator taxon of wetland biodiversity, we model 
time-series abundance data for 461 waterbird species at 25,769 
survey sites across the globe. We show that the strongest predictor of 
changes in waterbird abundance, and of conservation efforts having 
beneficial effects, is the effective governance of a country. In areas 
in which governance is on average less effective, such as western 
and central Asia, sub-Saharan Africa and South America, waterbird 
declines are particularly pronounced; a higher protected area 
coverage of wetland environments facilitates waterbird increases, 
but only in countries with more effective governance. Our findings 
highlight that sociopolitical instability can lead to biodiversity  
loss and undermine the benefit of existing conservation efforts, 
such as the expansion of protected area coverage. Furthermore, 
data deficiencies in areas with less effective governance could  
lead to underestimations of the extent of the current biodiversity 
crisis.

Quantifying global patterns of biodiversity change is essential 
for assessing anthropogenic impacts on biodiversity, conservation 
priorities and the effectiveness of conservation efforts6,7. It has therefore 
been identified as a research priority by major international bodies8,9. 
However, most taxa have serious gaps in the spatial extent and reso-
lution covered by available biodiversity data10, and our current view 
of global biodiversity change is therefore limited to coarse-resolution 
patterns11, data-rich countries12 or protected areas13. This has impeded 
the identification of hotspots of abundance loss, and the analysis of the 
effects of local-scale drivers on biodiversity change at the global scale 
(see Supplementary Discussion; also see Supplementary Information 
for the Abstract in different languages).

Globally, wetlands cover more than 1,280 million hectares of coastal, 
inland and human-made habitats3,14. Despite their high levels of bio-
logical diversity and productivity1,2 and the crucial ecosystem functions 
and services they provide1,3,4, wetlands have been degraded and lost at 
higher rates than any other ecosystem3. However, the lack of appropriate  
data has hampered assessments of changes in wetland biodiversity at 
a global scale.

Here we address this by examining waterbirds as an indicator 
taxon for assessing the status of biodiversity in wetland ecosystems. 
Waterbirds have a long history of systematic monitoring, and therefore 
present a global dataset of abundance changes with unusually high 

spatial extent and resolution15. Modelling the global data for waterbirds 
enabled us to test two fundamental questions that are rarely explored 
in tandem; we asked where global changes in species abundance have 
been concentrated and what might explain changes in abundance at 
community, species and population levels. For the second question, 
we tested hypothesized predictors that were categorized into three 
groups: (i) anthropogenic effects (surface water change, economic and 
human population growth, agricultural expansion and climate change),  
(ii) conservation efforts and effectiveness (protected area coverage 
and governance), and (iii) biological characteristics of species (range 
size, migratory status and body size) (Extended Data Table 1). Our 
dataset comprised 2,463,403 count records, covering the months of 
January–February for the past three decades and recording 461 water-
bird species at 25,769 survey sites throughout the globe (Extended 
Data Fig. 1). Using a hierarchical Bayesian model, we estimated 
the global distribution of changes in the abundance of each species 
between 1990 and 2013 at 1° ×​ 1° spatial resolution (Supplementary  
Data 1). We then summarized the changes at three levels: mean changes 
in abundance across all waterbird species present in each grid cell 
(community-level changes), mean changes across all grid cells for each 
species (species-level changes) and changes in each grid cell for each 
species (population-level changes).

In most species, population-level changes in abundance varied 
markedly across geographical ranges. Some species that have increased 
in abundance in Europe showed severe declines in other regions  
(Fig. 1a–c) and vice versa (see Supplementary Data 1). Declines 
were especially pronounced in Africa for grebes, flamingos, pelicans, 
cormorants and shorebirds, in South America for shorebirds, storks, 
ibises, herons, waterfowl, cranes and rails, and in western and central 
Asia for waterfowl, cranes and rails (Fig. 1d–k).

We found major community-level abundance losses in areas in which 
biodiversity assessments have been limited, namely western and central 
Asia, sub-Saharan Africa and South America (Fig. 2a). On average, 
community-level declines were most severe in South America, which 
has experienced a 0.95% annual decline that equates to a 21% total 
decline over 25 years (Fig. 2b). The declines were also severe in western 
and central Asia, but predominantly occurred inland rather than in 
coastal regions. By contrast, Europe has experienced community- 
level increases in waterbird abundance, though even in regions that 
experienced these increases some species showed severe abundance 
declines (Supplementary Data 1). These geographic patterns predomi
nantly reflected patterns in migrant species (Extended Data Fig. 2a), 
as non-migrants were observed only in some regions; non-migrants 
showed community-level declines in South America and parts of east 
Asia, south Asia and southeast Asia (Extended Data Fig. 2b).

Of the eight explanatory variables representing anthropogenic 
impacts and conservation efforts and effectiveness (see Methods), 
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governance—defined as how effectively the authorities of a country 
exercise rules and enforcement mechanisms—was the strongest pre-
dictor of community-level abundance changes (Fig. 3a). Waterbird 
communities experienced the greatest declines in countries with less 
effective governance (for example, countries in western and central Asia 
or South America), and increased in countries in which governance was 

more effective (for example, countries in Europe and North America, 
Fig. 3b). The effects of governance also interacted with those of pro-
tected area coverage (Fig. 3a); it was only in areas with more effective 
governance that extensive protected area coverage was associated with 
community-level increases in waterbird abundances (Extended Data 
Fig. 3a). Community-level declines were also pronounced in areas with 
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Figure 1 | Population-level changes in waterbird abundance in each 
1° × 1° grid cell between 1990 and 2013. a–c, Examples of population-
level abundance changes, for Ardea alba (a), Arenaria interpres (b) 
and Anas acuta (c). Red, declines; blue, increases; dark grey shading, 
non-breeding geographical range of the species. d–k, Histograms of 
population-level changes for all species in each of the eight taxa, at all 
grid cells in each region shown in the inserted map (see Methods for the 
definition of each species group). Silhouettes reproduced from  
PhyloPic (http://phylopic.org/) under a Creative Commons licence  

(http://creativecommons.org/licenses/by/3.0/) (d–g, i–k) or Public 
Domain Dedication licence (http://creativecommons.org/publicdomain/
zero/1.0/) (h). d, i, Rebecca. Groom; e, f, Doug Backlund (photo) (e) or 
Unknown (photo) (f), John E. McCormack, Michael. G. Harvey, Brant. C. 
Faircloth, Nicholas. G. Crawford, Travis. C. Glenn, Robb. T. Brumfield & 
T. Michael. Keesay; g, j, Shyamal/Wikimedia Commons; k, Maija. Karala 
(image flipped horizontally). Map produced from Natural Earth data 
v.1.4.0 (http://www.naturalearthdata.com/).
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Figure 2 | Mean changes in abundance across 
461 waterbird species (community-level 
changes) between 1990 and 2013. a, b, Global 
distribution (a) and mean with 95% confidence 
intervals (b) across all grid cells in each region 
shown in the inserted map. Numbers above bars, 
numbers of species observed; numbers of grid 
cells in parentheses. Map produced from Natural 
Earth data v.1.4.0 (http://www.naturalearthdata.
com/).
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a higher rate of surface water loss (for example, western and central 
Asia16, Extended Data Fig. 3b).

To explore the possible causes of community-level changes, we 
partitioned the effects of explanatory variables into species-level 
(explaining variations in species-level changes between species) and 
population-level effects (explaining variations in population-level 
changes within species) for 293 species with sufficient data. Species-
level changes were explained by the interaction between governance 
and protected area coverage, by gross domestic product (GDP) growth 
rates and by body mass (Fig. 4a). Consistent with the community-level 
analysis, waterbird species with a higher coverage of protected areas 
increased more, but only in countries with more effective governance 
(Fig. 4c). Species in countries with rapidly growing economies, as well 

as small-bodied species, experienced greater declines (Fig. 4b, d).  
Governance was also the best predictor of population-level abundance 
changes, and most of the species that were significantly affected by 
governance showed larger population-level declines in areas with 
less effective governance (Extended Data Fig. 4 and Supplementary 
Discussion). These conclusions were robust even when considering 
the correlation between governance and GDP per capita, and were 
also robust to other sensitivity analyses (Extended Data Figs 5–7, 
Supplementary Discussion).

Although our data are not spatially complete (Extended Data Fig. 1 
and Supplementary Discussion), by quantifying abundance changes 
within each species over large geographic areas we uncovered new 
hotspots of threats to bird species in wetland ecosystems. Previous 
studies (see Supplementary Discussion) did not identify biodiversity 
loss in, for example, western and central Asia, mainly because relevant 
data were unavailable. This spatial overlap between general data gaps 
and biodiversity loss could cause an underestimation of the ongoing 
biodiversity crisis, which highlights the need for global monitoring of 
species’ abundances.

Our results emphasize the importance of governance—presumably 
the environmental aspects of governance (see Methods)—in explaining 
global patterns in waterbird abundance changes. Local and regional 
studies have increasingly highlighted the environmental consequences 
of ineffective governance, such as species population declines17, 
deforestation18 and agricultural expansion19. Ineffective governance is 
often associated with the absence of positive attitudes to environmental 
protection, weakly enforced environmental legislation and low levels of 
investment in conservation20–22, leading to habitat loss and degradation. 
For example, unsustainable water management and dam construction 
in western and central Asia have caused drastic losses in permanent 
water over the past 30 years16. As a result, in Iran even some wetlands 
designated as protected areas have dried out23. In South America, 
wetlands in central Argentina lack legal protection or regulations on 
water use, and many have been lost24. Ineffective hunting regulations 
can also explain decreases in abundance under conditions of ineffec-
tive governance. Political instability can weaken the legal enforcement 
of hunting regulations and thereby promote unsustainable and often 
illegal killing, even in protected areas25; numerous waterbird species 
are under severe hunting pressure in Iran23 and South America26. As 
wetland loss and hunting pressure are the main threats to most taxa, the 
hotspots of waterbird declines identified here merit urgent attention as 
areas of potential loss and degradation of wetland biodiversity, and its 
concomitant functions and services.

This study corroborates the observation that protected areas improve 
the conservation status of waterbird species, although the benefits 
of these protected areas are applicable only in countries with more 
effective governance. Our results provide strong support at the global 
scale for the argument that effective governance is critical for protected 
areas to achieve their goals27. Even in developing countries with less 
effective governance, protected area coverage can be high (Extended 
Data Fig. 8); however, these protected areas have been insufficient 
to maintain stable waterbird populations since 1990. By contrast, in 
wealthier regions with more effective governance, such as Western 
Europe, waterbirds have responded positively to the establishment of 
refuges and stronger legal protection under measures governed by the 
EU Birds Directive28.

Although the global coverage of protected areas continues to 
increase, our findings indicate that ineffective governance could under-
mine the benefits of such conservation efforts that aim to improve the 
status of global biodiversity. Levels of governance should be considered 
in the processes of identifying and prioritising areas of conservation 
importance, and distributing future research and funding efforts. 
There is also an urgent need to measure, monitor, improve and raise 
awareness about environmental governance globally. Global conser-
vation conventions and specific agreements and frameworks could 
mobilize international resources and expertise to strengthen effective 
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Figure 3 | Effects of predictors on community-level changes in 
waterbird abundance. a, Estimated coefficients in the multivariate 
analysis (n =​ 2,079). Posterior medians with 95% and 50% (thick lines) 
credible intervals are shown. Coefficients with 95% credible intervals 
that do not overlap with zero are shown in red. The coefficients represent 
the effect size of the standardized variables. b, Relationship between 
community-level changes and countries’ governance. Each circle 
represents a country; circle size, the number of 1° ×​ 1° grid cells with 
estimates; colour indicates the region shown in the inset map; regression 
line shown in red. Map produced from Natural Earth data v.1.4.0 (http://
www.naturalearthdata.com/).
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governance. Governance is now recognized to be essential for economic 
growth, social development and the eradication of poverty and hun-
ger4. Efforts to better understand and improve governance, as well as 
to find means of improving the effectiveness of specific measures when 
governance is weak, therefore provide common ground for conserva-
tionists, social scientists, policy makers and the public for achieving 
sustainable development.

Online Content Methods, along with any additional Extended Data display items and 
Source Data, are available in the online version of the paper; references unique to 
these sections appear only in the online paper.
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Figure 4 | Effects of predictors on species-level 
abundance changes in 293 waterbird species  
that were recorded in at least ten grid cells.  
a, Estimated coefficients with 95% and 50% (thick 
lines) credible intervals; those not overlapping 
with zero are shown in red. b–d, Relationship at 
the species level between abundance changes and 
GDP growth rates (b), proportion of sites covered 
by protected areas (c) and body mass (d). Values 
and regression lines for species in areas with 
more (above median) and less (below median) 
effective governance are shown in blue and red, 
respectively, in c. See Supplementary Data 2 for 
details of the 293 species.
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Methods
Data. Waterbird count data. Data used in this study consisted of site-specific annual 
counts from the International Waterbird Census (IWC) coordinated by Wetlands 
International29 and the Christmas Bird Count (CBC) coordinated by the National 
Audubon Society30.

Launched in 1967, the IWC is a scheme involving more than 15,000 observers 
that monitors waterbird numbers and covers more than 25,000 sites in over  
100 countries. The IWC is divided into four regions, each of which corresponds 
to a major migratory flyway of the world: the African–Eurasian Waterbird Census 
(AEWC), Asian Waterbird Census (AWC), Caribbean Waterbird Census (CWC) 
and Neotropical Waterbird Census (NWC). We did not use data from the CWC, 
because it started only in 2010 and therefore provides only short-term data. The 
survey methodology is essentially the same across the four regional schemes. 
Population counts are typically carried out once every year in mid-January. 
Additional counts are conducted in other months, particularly in July in the 
Southern Hemisphere; for consistency, we used only counts from January and 
February. Our Northern Hemisphere data therefore relate to non-breeding popu-
lations, whereas those from the Southern Hemisphere also include some breeding 
populations. In each country that is covered by the survey, national coordinators 
manage an inventory of wetland sites (hereafter, survey sites) that include sites of 
international- or national-level recognition (for example, Ramsar sites, Important 
Bird Areas, national parks and so on). Each survey site is generally defined by 
boundaries so that observers know precisely which areas are to be covered in the 
surveys. The observers consist of a wide variety of volunteers, but national coor-
dinators usually train them using materials produced by Wetlands International 
to ensure the quality of count data. Survey sites (normally up to a few km2) are 
typically surveyed by about two observers for up to four hours, but larger sites can 
require a group of observers to work over several days. The time of survey on any 
given day depends on the type of survey sites: inland sites are normally surveyed 
during the morning or late afternoon, whereas coastal sites are surveyed during 
high tide periods (mangrove areas and nearby mudflats are, however, surveyed 
during low tides). Surveys cover waterbirds, which are defined as bird species that 
are ecologically dependent on wetlands29. Counts are usually made by scanning 
flocks of waterbirds with a telescope or binoculars and counting each species. Zero 
counts are not always recorded and are thus inferred using a set of criteria (see 
below). Count records and associated information are submitted to the national 
coordinators, who compile the submitted records, check their validity and submit 
them to Wetlands International. Further details of survey methodology have been 
previously published29,31.

As the IWC does not cover North America, we also used data from the CBC, 
which has been conducted annually since 1900, involves more than 70,000 observers  
each year and now includes over 2,400 count circles (defined as survey sites in this 
study)32. Each CBC consists of a tally of all bird species detected within a survey 
site (a circle 24.1 km in diameter), on a single day that falls on a date between 
14th December and 5th January. The majority of circles (and most historical data) 
are from the US and Canada. Observers join groups that survey subunits of the 
circle during the course of the day; they use a variety of transportation methods, 
mostly surveying on foot or in a car but also using boats, skis, or snowmobiles. The 
number of observers and the duration of counts vary among circles and through 
time. The total number of survey hours per count has been recorded as a covariate 
to account for the variable duration of and participation in the count. In this paper, 
we only used records describing waterbird species.

We compiled data from each scheme by species, except for data derived from 
the AEWC that had already been stored by flyway for each species33. Because data 
from the NWC are only available after 1990, we restricted the study to data that 
post-dated 1990 for all regions. The latest records were in 2013. Although the data 
included 487 waterbird species in total, we excluded from the analyses species with 
20 or fewer records; this resulted in 461 species being analysed (see Supplementary 
Data 2 for the full list of species). For the IWC data, we generated zero counts  
using an established approach33. In this approach, we first established a list of all 
species observed in each country, and assumed a zero count for any species that 
was on the list but not recorded at a particular site on a particular day (if the site 
was surveyed on that day), as shown by the presence of any other species’ record(s), 
and if no multi-species code related to the species (for example, Anatinae spp. 
for species of the genus Anas) was recorded for the site–date combination. We 
projected all survey sites onto a Behrmann equal-area cylindrical projection and 
assigned them to grid cells with a grain size of 96.49 km, or approximately 1° at 
30° N or S.

When visualizing the estimated abundance changes (for example, see Figs 2b, 3b),  
the North and South American regions correspond to regions covered by the CBC 
and NWC, respectively. The regions covered by the AEWC and AWC were divided 
into a total of six regions on the basis of socio-economic and ecological differences. 
The AEWC was divided into three regions: Europe, Africa, and western and central 

Asia. The AWC was also divided into three regions: south and southeast Asia, east 
Asia and Russia, and Oceania.
Explanatory variables. To explain variations in waterbird abundance changes 
over space and species, we first set up multiple hypotheses on the basis of earlier 
studies and then identified explanatory variables that represented these hypotheses 
(Extended Data Table 1). We aggregated all the explanatory variables, except those 
relating to species characteristics, to the same 1° ×​ 1° grid cells.

As measures of governance we used the Worldwide Governance Indicators, 
which summarize six dimensions of governance: voice and accountability, political 
stability and absence of violence, government effectiveness, regulatory quality, rule 
of law, and control of corruption34. A previous study19 of six South American 
countries found that pro-environmental behaviours are associated with environ-
mental aspects of governance rather than the conventional dimensions of govern-
ance represented by the Worldwide Governance Indicators. At the global scale, 
however, the mean of the Worldwide Governance Indicators was strongly corre-
lated with the Environmental Performance Index (EPI)35, one of the indicators of 
environmental governance used in the aforementioned study19 (r =​ 0.71, n =​ 180). 
This indicates that the Worldwide Governance Indicators are also a good predictor 
of environmental aspects of governance at the global scale. Further, the EPI consists 
of multiple indicators, some of which are directly related to our measures of con-
servation efforts, such as terrestrial protected areas and species protection. We thus 
decided not to use the EPI in our analysis, as using it together with the coverage of 
protected areas in our analysis could result in redundancies.

In the World Database on Protected Areas (https://www.protectedplanet.net/), 
not every protected area has information on the year of designation. We therefore 
calculated the proportion of sites located within any protected area, assuming that 
this reflects the proportion of sites covered by protected areas designated at least 
before 2013 (the latest survey year of count data used in this study). To examine 
the sensitivity of our conclusions to this assumption, we also calculated as the 
most conservative approach only the proportion of sites covered by protected areas 
that are known to have been designated before 1990 (the oldest survey year), and 
conducted the same analyses using this variable (results in Extended Data Fig. 5 
and Supplementary Discussion). When assessing the effectiveness of protected 
areas, confounding factors can mask or mimic the effects of protected areas. We 
controlled for effects of potential drivers of abundance changes (listed in Extended 
Data Table 1) by including them together with protected area coverage in the same 
multivariate models.

On the basis of information from the Birdlife Data Zone (http://datazone.
birdlife.org/home), the migratory status of the 461 species analysed in this study 
falls into four categories: full migrant, altitudinal migrant, nomadic and not a 
migrant. In this study, we defined species that were categorised as full migrant or 
altitudinal migrant as migrants.
Other data. We derived information on generation length (in years) from the 
BirdLife Data Zone, and the Red List category assessed by the International 
Union for Conservation of Nature from the BirdLife Checklist of the Birds of the 
World36, for each species. Generation length was not available for five species, 
for which we used the mean values across all species in the same genus. We 
used generation length as well as the bird species global distribution maps37 for 
the visualization of results (see Supplementary Data 1 for more detail). Species 
groups used in Fig. 1 are based on the International Ornithological Congress 
World Bird List38: coursers, gulls, terns and auks (Alcidae, Glareolidae, Laridae 
and Stercorariidae), grebes and flamingos (Phoenicopteridae and Podicipedidae), 
loons and petrels (Gaviidae and Procellariidae), pelicans, boobies and cormorants 
(Anhingidae, Fregatidae, Pelecanidae, Phalacrocoracidae and Sulidae), rails and 
cranes (Aramidae, Gruidae and Rallidae), shorebirds (Burhinidae, Charadriidae, 
Dromadidae, Haematopodidae, Ibidorhynchidae, Jacanidae, Recurvirostridae, 
Rostratulidae and Scolopacidae), storks, ibises and herons (Ardeidae, Ciconiidae 
and Threskiornithidae), and waterfowl (Anatidae and Anhimidae).
Statistical analyses. Model for quantifying abundance changes. To account for 
missing values, large observation errors and spatial structure in the data, we used 
a hierarchical Bayesian spatial model and quantified population-level changes in 
the abundance of each species within each 1° ×​ 1° grid cell. This model is an exten-
sion of a model developed and used to quantify waterbird abundance changes in 
previous studies39,40; it is based on the site effect for site i, overall year effect for year 
t and the cell-specific year effect for grid cell j and year t. The overall year effect βt 
is assumed to be affected by the year effect in the previous two years:

β β β β σ+ −− − −~ rnormal( ( ), )t t t t o1 1 2
2

Here σo
2 is the variance of the overall year effect, and r ranges from 0 to 1 and 

determines the smoothness of the estimated curve. With r =​ 0, the overall year 
effect is modelled as a simple random-walk process, whereas other values lead to 
a correlated random walk with different degrees of smoothness (a larger r causes 
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a more smoothed curve). The cell-specific year effect βj(i),t is drawn from a normal 
distribution with mean βt as follows:

β β σβ~ normal( , )j i t t( ),
2

Including the variance in the year effect σβ
2  enables the model to account for 

variations in trends of population counts among grid cells. The variable j(i) 
indicates that grid cell j includes site i. Assuming the same population trend across 
all sites within each grid cell, the mean count μi,t at site i in grid cell j and year t is 
modelled with the cell-specific year effect βj(i),t, the site effect αi, the spatially 
correlated random effect γj(i) and the overdispersion effect δi,t:

µ α β γ δ= + + +log( ) (1)i t i j i t j i i t, ( ), ( ) ,

Here, αi and δi,t are drawn from a mean-zero normal distribution with variance σα
2  

and σδ
2, respectively. The variable γj(i) is drawn from an intrinsic Gaussian condi-

tional autoregressive (CAR) prior distribution:
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where wj,k =​ 1 if grid cells j and k are neighbours, and 0 otherwise. The variable nj 
is the total number of neighbours of grid cell j; neighbours are grid cells directly 
adjacent to grid cell j, and include cells that are diagonally adjacent. The amount 
of variation between the random effects is controlled by σγ

2 . The observed count 
yi,t in site i and year t is assumed to derive from a Poisson distribution with  
mean μi,t.

We assumed constant survey efforts over time for the IWC, because regular 
and standardized surveys with constant methods, efforts and timing are strongly 
encouraged in this scheme31 (see Supplementary Discussion). However, survey 
efforts in the CBC are known to vary through time. By using the total number of 
survey hours per count as the measure of survey efforts, we explicitly accounted 
for the effort effect for the CBC data following a previously published analysis41:

µ α β γ δ= + + + +



 −
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
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log( )
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, ( ), ( ) ,

i t,

Here ζi,t is the total number of survey hours per count and ζ  is the mean value of 
ζi,t. The parameters B and p determine a range of relationships between effort and 
the number of birds counted41. To test whether accounting for survey efforts 
changes the conclusions of this paper, we also applied the model without the effort 
effect to the CBC data, and compared the two models in terms of their estimated 
rate of abundance change within each grid cell for each of the 159 species with 
more than two grid cells. The estimated spatial patterns in abundance changes in 
each of the two models were highly correlated (median Pearson’s r =​ 0.99, 
minimum r =​ 0.88), which indicates that the model without the effort effect that 
was used for the IWC data is valid. Further discussions on the potential effects of 
temporal changes in survey efforts are provided in the Supplementary Discussion.

We applied the models to count data for each species at a regional popula-
tion level. For example, count data for the Eurasian wigeon Mareca penelope are 
separately compiled as five populations: three (northwest European, Black Sea–
Mediterranean and southwest Asian–northeast African) in the AEWC, one in the 
AWC and one in the CBC. In this case, we applied the models separately to each 
of the five populations. As the result, we analysed 775 regional populations of 
461 species (see Supplementary Data 2 for the full list of species). For 38 regional 
populations in which no grid cells with count records were adjacent to one other, 
we dropped the spatially correlated random effect γj(i) from equations (1) and (3). 
For 32 regional populations with only one grid cell that included more than one 
survey site, we dropped γj(i) and also replaced the cell-specific year effect βj(i),t with 
the overall year effect βt. For 22 regional populations with only one survey site, 
we applied a generalized linear model with a Poisson distribution, using observed 
counts as the response variable and years as the explanatory variable, and used the 
estimated slope as the rate of abundance change.

Using only grid cells that had on average four or more non-zero records per site, 
we fitted the models to the data with the Markov chain Monte Carlo (MCMC) 
method in WinBUGS v.1.4.342 and the R2WinBUGS package43 in R v.3.3.244. Prior 
distributions of parameters were set as non-informatively as possible, to produce 
estimates similar to those generated by a maximum likelihood method. We used 
gamma distributions with a mean of 1 and variance of 100 for the inverses of σo

2, 
σβ

2 , σα
2 , σδ

2 and σγ
2, normal distributions with a mean of 0 and variance of 100 for 

β1, β2 and B, a beta distribution with a mean of 0.5 and variance of 0.083 
(α =​ β =​ 1), which is a uniform distribution, for r, and a uniform distribution on 
the interval [−​4, 4] for p following a previous study45. Each MCMC algorithm was 

initially run with three chains with different initial values for 300,000 iterations 
with the first 200,000 discarded as burn-in and the remainder thinned to one in 
every twenty iterations to save storage space. Model convergence was checked with 
R hat values46. If the models did not converge with the initial conditions, we 
increased iterations up to 5,000,000 (with the first 1,000,000 discarded and the 
remainder thinned to one in every 800). We decided to remove grid cells in which 
parameter estimates did not converge even with the increased iterations, although 
the number of removed cells was very small (median of 2.5 grid cells in 20 out of 
the 775 (2.6%) regional populations).

To estimate the population-level change in abundance since 1990 for each species 
in a particular grid cell, we first regressed the estimates of the cell-specific year effect 
βj(i),t in every posterior sample against years. To account for uncertainty in slope 
estimates in this regression, we derived for every posterior sample a slope estimate 
from a normal distribution with the mean of the estimated mean slope and s.d. 
of the standard error of the slope. We then calculated the mean, median, variance 
and 2.5th and 97.5th percentiles of the estimated slopes from all posterior samples. 
We aggregated all estimates by species on the basis of definitions from BirdLife 
International36. We used the mean and 2.5th and 97.5th percentiles of the estimated  
slopes for creating species-level maps (Fig. 1a–c and Supplementary Data 1).  
To calculate community-level changes in abundance (Fig. 2a) and community- 
level changes for species with different migratory statuses (Extended Data Fig. 2),  
we used the mean slopes across all species or all species in a particular group 
observed in each grid cell, weighted by the inverse of slope variance in each species 
to account for uncertainties. To further calculate mean community-level changes 
in each region (Fig. 2b), we used the mean of the community-level changes across 
all grid cells in each region, weighted by the inverse of associated variance.
Driver analysis. We first tested correlations among the nine spatial explanatory 
variables in 2,079 1° ×​ 1° grid cells that had abundance change estimates (Extended 
Data Table 2). GDP per capita and governance were relatively strongly correlated 
(r =​ 0.76) with one another. Thus, considering that GDP growth rates are another 
measure of economic growth, we decided to exclude GDP per capita from the 
main analyses; instead, we tested its effect in a separate set of analyses in which 
governance was replaced with GDP per capita. In these analyses, considering the 
hypothesized nonlinear relationship between GDP per capita and species abun-
dance changes (Extended Data Table 1), we used linear and quadratic terms of 
GDP per capita. We present the results of these analyses that use GDP per capita 
in Extended Data Fig. 5 and Supplementary Discussion.

To identify factors associated with waterbird abundance changes at the 
community, species and population levels, we conducted two types of analyses, 
both of which were implemented with WinBUGS v.1.4.3 and the R2WinBUGS 
package in R v.3.3.2.

In the first analysis, in which the response variable was community-level 
changes in abundance within each grid cell (Fig. 2a), we used a CAR model:

βµ α γ= + +Xii i

where the community-level change ri in cell i was assumed to derive from a normal 
distribution with mean μi and variance σµ

2 ; β represents the vector of regression 
coefficients and Xi the vector of explanatory variables. On the basis of the hypoth-
eses shown in Extended Data Table 1, we used eight explanatory variables in each 
grid cell: surface water change, GDP growth rates, changes in human population 
density, crop area, temperature, and precipitation, protected area coverage and 
governance. We tested interaction terms between latitude and temperature change, 
and latitude and precipitation change, as population responses to temperature and 
precipitation can vary by latitude47. We also tested a third interaction term between 
governance and protected area coverage, because governance can affect the effec-
tiveness of conservation efforts48. All explanatory variables were standardized 
before model fitting. The spatially-correlated random effect γi used an intrinsic 
Gaussian CAR prior distribution with variance σγ

2 , as described in equation (2). 
Prior distributions of parameters were set as non-informatively as possible; we 
used gamma distributions with a mean of 1 and variance of 1,000 for the inverse 
of σµ

2 and σγ
2, normal distributions with a mean of 0 and variance of 1,000 for βj, 

and an improper uniform distribution (a uniform distribution on an infinite 
interval) for the intercept α, as recommended by a previous study49. Each MCMC 
algorithm was run with three chains with different initial values for 1,000,000 
iterations, with the first 500,000 discarded as burn-in and the remainder thinned 
to one in every 100 iterations to save storage space. Model convergence was checked 
with R hat values.

Next, for 293 species observed in ten or more grid cells, we adopted the 
within-subject centring approach50 under a hierarchical modelling framework to 
explicitly distinguish species-level effects (explaining variations in species-level 
abundance changes between species) and population-level effects (explaining 
variations in population-level abundance changes within species) of explanatory 
variables. In this model, the species effect μs, representing the species-level change 
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in abundance of species s, is drawn from a normal distribution with a mean of νs 
and variance of σν

2. The variable νs is further modelled with species-level 
explanatory variables:

∑ ∑ν α β β η= + + +
= =

x zs
k

Bk k s
k

Bk k s s
1

9

,
10

12

,

where α is the global intercept and βBk represents the species-level effect. The mean 
of spatial explanatory variable k across all grid cells where species s was recorded 
is represented by xk s, . Even if the estimated species-level abundance changes are 
biased owing to geographical biases in available grid cells, they match up with xk s,  
because the calculation of both variables is performed on the same set of grid cells. 
The spatial explanatory variables used were derived from the hypotheses in 
Extended Data Table 1; we dropped changes in human population density and crop 
area, as these were least influential in the analysis of community-level population 
changes and also in a preliminary analysis of this species-level model. We therefore 
used the remaining six explanatory variables (surface water change, GDP growth 
rates, changes in temperature, changes in precipitation, protected area coverage 
and governance) and the same three interaction terms as used in the communi-
ty-level analysis. The term zk,s represents three explanatory variables in species 
characteristics, described in Extended Data Table 1. The random term ηs accounts 
for phylogenetic dependence among species and is drawn from a multivariate 
normal distribution (MVN)51,52:

η δ Σ
Σ λΣ λ= + −

λ

λ

~

I
MVN(0, )

(1 )
(4)s

2

where Σ is a scaled variance–covariance matrix calculated from an ultrametric 
phylogenetic tree. By scaling Σ to a height of one, we can interpret δ2 as the residual 
variance51. To enable the strength of phylogenetic signal to vary, we also incor-
porated Pagel’s λ53,54 into the matrix in equation (4) with the identity matrix I. 
Here λ is a coefficient that multiplies the off-diagonal elements of Σ; a λ close to 
zero implies that the phylogenetic signal in the data is low, which suggests inde-
pendence in the error structure of the data points, whereas a λ that is close to one 
suggests a good agreement with the Brownian motion evolution model and thus 
suggests correlation in the error structure51,54. To incorporate uncertainties55 in 
phylogenetic trees in the calculation of Σ, we used a sample of 100 trees from a 
comprehensive avian phylogeny56 as the prior distribution for our analysis51. More 
specifically, one of the 100 trees was randomly drawn in each iteration and used 
for the calculation of Σ.

The population-level change in abundance rs,i of species s in grid cell i was then 
assumed to derive from a normal distribution with mean μs,i and variance σµ

2 , 
where μs,i is modelled using the species effect μs:

∑µ µ β γ= + − +
=

x x( )s i s
j

W j i j s s i,
1

6

, , ,s j,

Here βWs,j represents the population-level effect for species s, explaining 
within-species variations in population-level abundance changes (μs,i −​ μs) by 
within-species variations in explanatory variables −x x( )j i j s, , ; here, xj,i is the 
explanatory variable j in grid cell i and xj s,  is the mean of xj for species s. The 
species-specific βWs,j is the random effect governed by hyper-parameters as:

β β σβ~ hnormal( , )W W
2

s j j Wj,

For population-level effects, we used the six explanatory variables (surface water 
change, GDP growth rates, changes in temperature, changes in precipitation, 
protected area coverage and governance). Spatial autocorrelation within each 
species is accounted for by γs,i, which is drawn from an intrinsic Gaussian CAR 
prior distribution with variance σγ

2
s
as in equation (2).

As non-informative prior distributions, we used a gamma distribution with a 
mean of 1 and variance of 100 for σν

2, δ2, σµ
2, σβ

2
Wj

 and σγ
2

s
, uniform distribution on 

the interval [0, 1] for λ, normal distributions with a mean of 0 and variance of 100 
for α, βBk, and βh Wj . Each MCMC algorithm was run with three chains with  
different initial values for 10,000 iterations with the first 5,000 discarded as burn-in 
and the remainder thinned to one in every two iterations to save storage space. 
Model convergence was checked with R hat values. Owing to differences in the 
definition of species between the two sources used36,56, in four cases we combined 
two separate species defined in the BirdLife Checklist36 into one for the 
species-level analysis. These were the Kentish plover Charadrius alexandrinus and 
snowy plover C. nivosus, common snipe Gallinago gallinago and Wilson’s snipe  
G. delicata, European herring gull Larus argentatus and Arctic herring gull  

L. smithsonianus, and common moorhen Gallinula chloropus and common 
gallinule G. galeata.
Code availability. All the R and WinBUGS codes used for the analyses are available 
from the corresponding author upon request.
Data availability. The waterbird count data used in this study are collated and 
managed by Wetlands International and the National Audubon Society, and are 
available on request. All maps in figures are derived from the Natural Earth dataset 
(v.1.4.0) at 1:110 m scale (http://www.naturalearthdata.com/downloads/110m-
cultural-vectors/110m-admin-0-countries/). All the data that pertain to 
explanatory variables are freely available, as specified in Extended Data Table 1. 
Supplementary Data 1 is available at https://doi.org/10.6084/m9.figshare.5669827. 
Supplementary Data 2 is available in the online version of the paper.
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Extended Data Figure 1 | Distribution of the 25,769 survey sites used in the analyses. Sites from the International Waterbird Census are shown in 
yellow (African–Eurasian Waterbird Census), pink (Asian Waterbird Census) and green (Neotropical Waterbird Census). Christmas Bird Count shown 
in cyan.
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Extended Data Figure 2 | Global distribution of mean annual changes in abundance. a, b, Mean annual changes in abundance for 373 migratory (a) 
and 88 non-migratory (b) waterbird species (that is, community-level changes). The migratory status of each species was assigned using the BirdLife 
Data Zone (see Methods).
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Extended Data Figure 3 | Relationships between community-level 
changes in abundance and protected areas or surface water.  
a, Relationship between community-level changes in abundance  
and the proportion of sites covered by protected areas. b, Relationship 

between community-level changes in abundance and surface water change. 
Regression lines are based on the estimated coefficients in Fig. 3a; values 
and regression lines for grid cells in areas with more (in blue) and less  
(in red) effective governance in a. n =​ 2,079 grid cells.
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Extended Data Figure 4 | Effects of six hypothesized predictors on 
population-level changes in abundance. a–f, Medians and 95% credible 
intervals of the estimated coefficients for 293 species are shown in order 
of decreasing positive effect size from the left (those with 95% credible 

intervals not overlapping with zero shown in red). The numbers of species 
with significant positive and negative coefficients are also shown, with the 
number of non-migratory species in parentheses. See Extended Data  
Table 1 for more detail regarding predictors.
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Extended Data Figure 5 | Sensitivity of results to the correlation 
between governance and GDP per capita and designation years of 
protected areas. a, b, Estimated coefficients in the multivariate  
analysis of community-level (n =​ 2,079 grid cells) (a) and species-level  
(on the basis of 293 species; see Supplementary Data 2 for the number  
of grid cells for each species) (b) changes in abundance, in which 
governance was replaced with linear and quadratic terms of GDP 
per capita. c, d, Estimated coefficients in the multivariate analysis of 

community-level (n =​ 2,079 grid cells) (c) and species-level (on the basis  
of 293 species; see Supplementary Data 2 for the number of grid cells in 
each species) (d) changes in abundance, in which only protected areas 
known to have been designated before 1990 (the first survey year in our 
dataset) were used (most conservative approach). Posterior medians with 
95% and 50% (thick lines) credible intervals are shown. Coefficients with 
95% credible intervals not overlapping with zero are shown in red.
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Extended Data Figure 6 | Sensitivity of the results to the inclusion 
of seabird species. a, Global distribution of mean annual changes in 
abundance across 447 waterbird species, excluding the 14 seabird species, 
between 1990 and 2013. b, c, Estimated coefficients in the multivariate 
analysis of community-level (n =​ 2,079 grid cells) (b) and species-level  

(on the basis of 447 species; see Supplementary Data 2 for the number  
of grid cells in each species) (c) changes in abundance, in which the  
14 seabird species were excluded. Posterior medians with 95% and 50% 
(thick lines) credible intervals are shown. Coefficients with 95% credible 
intervals not overlapping with zero are shown in red.
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Extended Data Figure 7 | Sensitivity of the results to the choice of 
CBC survey sites for the analyses. a, Global distribution of mean annual 
changes in abundance across 461 waterbird species between 1990 and 
2013, after excluding 41 CBC grid cells that contained neither landscape-
scale wetland areas nor local-scale surface water occurrences within 
1km of all the survey sites included. b, c, Estimated coefficients in the 
multivariate analysis of community-level (n =​ 2,038 grid cells) (b) and 
species-level (on the basis of 293 species) (c) changes in abundance, in 
which 41 CBC grid cells that contained neither landscape-scale wetland 
areas nor local-scale surface water occurrences within 1km of all the 

survey sites were excluded. d, Global distribution of mean annual changes 
in abundance across 461 waterbird species between 1990 and 2013, after 
excluding eight CBC grid cells in which the proportion of urban areas 
was over 0.3. e, f, Estimated coefficients in the multivariate analysis of 
community-level (n =​ 2,071 grid cells) (e) and species-level (on the basis of 
293 species) (f) changes in abundance, in which eight CBC grid cells with 
a proportion of urban areas of over 0.3 were excluded. Posterior medians 
with 95% and 50% (thick lines) credible intervals are shown. Coefficients 
with 95% credible intervals not overlapping with zero are shown in red.
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Extended Data Figure 8 | Relationships between the proportion of  
sites covered by protected areas and governance or GDP per capita.  
a, b, The relationship between governance (a) or GDP per capita (b) 
and the proportion of sites covered by protected areas. Colours indicate 

regions: blue, North America; green, South America; navy, Europe; orange, 
Africa; red, western and central Asia; yellow, south and southeast Asia; 
cyan, east Asia and Russia; and dark green, Oceania.
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Extended Data Table 1 | Hypotheses and explanatory variables tested for explaining the patterns in waterbird abundance changes over 
space and species

*http://data.worldbank.org/indicator/NY.GDP.PCAP.KD.
†http://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG.
‡http://data.worldbank.org/data-catalog/worldwide-governance-indicators.
§http://datazone.birdlife.org/home.
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Extended Data Table 2 | Correlation matrix (Spearman’s rank correlation) of nine potential predictors of waterbird abundance changes 
(n = 2,079 grid cells)

Gross domestic product (GDP) per capita is given as log10-transformed values. Strong correlations (|​r|​ >​ 0.7) are shown in bold.
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    Experimental design
1.   Sample size

Describe how sample size was determined. The sample size in this study was not pre-determined but essentially driven by the 
availability of data. 
   For the first part of our analyses ("Model for quantifying abundance changes" in 
the method section), we used as many available count records as possible, which 
determined the sample size in each population. We only used populations with 21 
or more count records and this has resulted in 461 species being analysed in this 
study. We believe that having 21 or more records is sufficient to estimate the rate 
of change for the maximum of 23 years (between 1990 and 2013). The 461 species 
cover a wide range of waterbird species groups inhabiting a variety of habitats, 
thus should represent the spatial and temporal dynamics of global waterbird 
communities. 
   For the driver analysis at the community level, sample size was 2,079, which was 
the total number of grid cells with at least one estimate of population-level change 
in any species. These grid cells are well scattered across the globe (as shown in Fig 
2a, also see Supplementary Discussion) and we also believe that this sample size is 
large enough to test eleven explanatory variables. 
   For the driver analysis at species and population levels, we used only 293 species 
with change estimates available at ten or more grid cells. We believe that 293 
species are sufficient to test the effect of 12 species-level predictors. The number 
of population-level predictors (six) may seem to be relatively large compared to 
the number of grid cells in some species, but  coefficients for the population-level 
predictors were estimated as the random effect each governed by hyper-
parameters; this structure is known to facilitate better parameterisation even with 
a relatively small amount of information. 
   We have also performed three types of sensitivity analyses, where (i) 14 seabird 
species in Alcidae, Procellariidae and Sulidae, (ii) 41 Christmas Bird Count (CBC) 
grid cells with neither landscape-scale wetlands nor local-scale surface water 
occurrences, and (iii) eight CBC grid cells with the proportion of urban areas over 
0.3 were excluded respectively from the full dataset described above.

2.   Data exclusions

Describe any data exclusions. From the count data provided by data-providers, we only used data at survey sites 
with coordinate information. We then excluded populations with 20 or fewer 
records from the following analyses. 
   For the trend analysis, we excluded grid cells with, on average, three or fewer 
non-zero records per site in each population. After the trend analysis, we removed 
grid cells where parameter estimates did not converge even with the increased 
iterations (5,000,000) although the number of removed cells was very small (see 
the methods). 
   For the driver analysis at species and population levels, we excluded species with 
change estimates available at nine or fewer grid cells.

3.   Replication

Describe whether the experimental findings were 
reliably reproduced.

Our study is not based on experiments and we thus did not replicate the analyses.
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4.   Randomization

Describe how samples/organisms/participants were 
allocated into experimental groups.

In the analyses we used as many species and survey sites as possible, based on the 
criteria described above. Nevertheless, our survey sites could still be biased 
towards, e.g., Europe and North America, where monitoring has been active. 
Therefore in the driver analyses, we used as many covariates as possible to 
account for effects of such potential biases in the data. We also used CAR models 
to account for spatial autocorrelation; this also reduces the effect of such spatial 
biases in data.

5.   Blinding

Describe whether the investigators were blinded to 
group allocation during data collection and/or analysis.

Blinding is not relevant to our study as we did not use any experiments.

Note: all studies involving animals and/or human research participants must disclose whether blinding and randomization were used.

6.   Statistical parameters 
For all figures and tables that use statistical methods, confirm that the following items are present in relevant figure legends (or in the 
Methods section if additional space is needed). 

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement (animals, litters, cultures, etc.)

A description of how samples were collected, noting whether measurements were taken from distinct samples or whether the same 
sample was measured repeatedly

A statement indicating how many times each experiment was replicated

The statistical test(s) used and whether they are one- or two-sided (note: only common tests should be described solely by name; more 
complex techniques should be described in the Methods section)

A description of any assumptions or corrections, such as an adjustment for multiple comparisons

The test results (e.g. P values) given as exact values whenever possible and with confidence intervals noted

A clear description of statistics including central tendency (e.g. median, mean) and variation (e.g. standard deviation, interquartile range)

Clearly defined error bars

See the web collection on statistics for biologists for further resources and guidance.

   Software
Policy information about availability of computer code

7. Software

Describe the software used to analyze the data in this 
study. 

R 3.3.2 and WinBUGS 1.4.3

For manuscripts utilizing custom algorithms or software that are central to the paper but not yet described in the published literature, software must be made 
available to editors and reviewers upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). Nature Methods guidance for 
providing algorithms and software for publication provides further information on this topic.

   Materials and reagents
Policy information about availability of materials

8.   Materials availability

Indicate whether there are restrictions on availability of 
unique materials or if these materials are only available 
for distribution by a for-profit company.

The waterbird count data used in this study are collated and managed by Wetlands 
International and the National Audubon Society, and available on request. All the 
data on explanatory variables are freely available as specified in Extended Data 
Table 1.

9.   Antibodies

Describe the antibodies used and how they were validated 
for use in the system under study (i.e. assay and species).

We did not use any antibodies.



3

nature research  |  life sciences reporting sum
m

ary
June 2017

10. Eukaryotic cell lines
a.  State the source of each eukaryotic cell line used. Not applicable

b.  Describe the method of cell line authentication used. Not applicable

c.  Report whether the cell lines were tested for 
mycoplasma contamination.

Not applicable

d.  If any of the cell lines used are listed in the database 
of commonly misidentified cell lines maintained by 
ICLAC, provide a scientific rationale for their use.

Not applicable

    Animals and human research participants
Policy information about studies involving animals; when reporting animal research, follow the ARRIVE guidelines

11. Description of research animals
Provide details on animals and/or animal-derived 
materials used in the study.

We used observation data on 461 waterbird species (detail shown in 
Supplementary Data S2). Sex and age were not recorded in the surveys.

Policy information about studies involving human research participants

12. Description of human research participants
Describe the covariate-relevant population 
characteristics of the human research participants.

We did not use any human research participants.
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